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Abstract. Backpressure (BP) control was originally used for packet routing in communications net-
works. Since its first application to network traffic control, it has undergone different modifications
to tailor it to traffic problems with promising results. Most of these BP variants are based on an as-
sumption of perfect knowledge of traffic conditions throughout the network at all times, specifically
the queue lengths (more accurately, the traffic volumes). However, it has been well established that ac-
curate queue length information at signalized intersections is never available except in fully connected
environments. Although connected vehicle technologies are developing quickly, we are still far from
a fully connected environment in the real world. This paper test the effectiveness of BP control when
incomplete or imperfect knowledge about traffic conditions is available. We combine BP control with
a speed/density field estimation module suitable for a partially connected environment. We refer to
the proposed system as a BP with estimated queue lengths (BP-EQ). We test the robustness of BP-EQ
to varying levels of connected vehicle penetration, and we compared BP-EQ with the original BP (i.e.,
assuming accurate knowledge of traffic conditions), a real-world adaptive signal controller, and opti-
mized fixed timing control using microscopic traffic simulation with field calibrated data. Our results
show that with a connected vehicle penetration rate as little as 10%, BP-EQ can outperform the adaptive
controller and the fixed timing controller in terms of average delay, throughput, and maximum stopped
queue lengths under high demand scenarios.
Keywords: Backpressure, queue size estimation, connected vehicles.
1 Introduction
Network traffic control can be classified into centralized
and decentralized/distributed control [29]. While cen-
tralized control can coordinate adjacent intersections and
achieve system optimality (in theory), in practice they are
not scalable computationally and have limited applicabil-
ity. In contrast, decentralized controller distribute com-
putations to the network intersections, and are hence scal-
able to large networks.
Backpressure (BP) based techniques, as one of the dis-
tributed traffic controllers, have attracted a lot of atten-
tion from the researchers in recent years because of the
distinct advantages they offer: 1) they are provably net-
work stabilizing and 2) they require no knowledge about
the traffic arrival rates. BP was first brought in traffic net-
work control from the communications networks theory
independently by Wongpiromsarn et al. [41] and Varaiya
[40]. In BP, each intersection collects its local queue length
information, and makes decisions on which phase to acti-
vate every time step. Specifically, queue lengths are used
to calculate the pressure of each phase and the phase with
the maximum pressure is then chosen as the phase to
be activated. This is why BP control is also called max-
pressure control sometimes, e.g., [13, 22, 30, 31, 36, 40].
The accuracy of the queue lengths used in BP con-
trol can impact its performance. To avoid confusion, by
“queue”, what is meant in this paper is the total num-
ber of vehicles in a road segment (i.e., along a network
link). This is consistent with the definition used by queu-
ing theorists, the vast majority of BP models in traffic
control and, more importantly, it is consistent with the
way queues are treated in the dynamical models used
to produce the network-wide performance guarantees. It
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has been established that this is a deficiency in BP mod-
els since control decisions should distinguish stopped or
“queued” vehicles (near the stoplines) from those mov-
ing freely near the entrances of the network links [26].
Many variants of BP have appeared in the literature (e.g.
[9, 10, 22, 23, 26, 28, 30, 31, 36]), each tuning BP to differ-
ent traffic nuances, most of these approaches assume that
the controller has exact knowledge of the queue lengths
(e.g. by assuming a fully connected environment), and
focused on how to use the known queue lengths to cal-
culate the pressure in different ways. Mercader et al.
[30, 31] pointed out that queue lengths at signalized in-
tersections are hard to estimate in today’s traffic environ-
ment and even in a partial connected vehicles (CVs) en-
vironment expected in the near future. However, they
have not attempted to investigate how BP performs with
missing and/or inaccurate queue length information and
proposed the use of travel times (which are easier to es-
timate) instead of queue lengths to calculate the pressure
[30, 31].
To the best of the authors’ knowledge, the robustness
of BP to inaccuracies in queue lengths has not been inves-
tigated. Most BP based papers simply assume a fully con-
nected environment. While recent years have seen great
developments towards such an environment, we are still
far from realizing it in practice. The performance of BP in
the absence of detailed/accurate queue length informa-
tion is the subject of this paper.
We assume a partially connected setting, in which some
of the vehicles in the network can communicate with the
infrastructure, specifically intersection controllers. We
propose a method to feed the data provided by the con-
nected vehicles in the network to the BP controller. In
brief, the basic idea includes three steps: 1) use a speed
interpolation technique to create a real time speed map
estimate of the road using the data that is available; 2)
convert the speeds to densities using a speed-density re-
lationship; and 3) calculate the queue length from density
and use it for pressure computation in BP. The methodol-
ogy is tested using microscopic traffic simulation of a cal-
ibrated isolated intersection and a traffic network from
the real world. Comparisons are made with a real-world
implementation of an adaptive controller, an optimized
fixed timing controller, and BP with perfect knowledge.
The rest of the paper is organized as follows: the fol-
lowing section gives a detailed literature review on BP
based control for traffic networks, the third section intro-
duces the proposed BP with estimated queue length (BP-
EQ) approach, followed by simulation experiments and
results in the fourth section. The last section concludes
the paper.
2 Background and literature review
BP was initially proposed by Tassiulas and Ephremides
[38] as a solution for the packet routing problem in com-
munications networks. It can be applied in a completely
distributed manner while ensuring network-wide stabil-
ity of the queues for all possible mean arrival rates that lie
within the capacity region of the network. Another signif-
icant advantage of BP is that it requires no knowledge of
network demands. It was first introduced into network
traffic signal control by Wongpiromsarn et al. [41] and
Varaiya [40] independently about 7 years ago. Since then,
it has seen many extensions geared towards adapting BP
to various features of road network traffic.
The original traffic signal network BP in [41] and [40]
calculates the difference between queue lengths of up-
stream and downstream links of an intersection move-
ment and take the product of this queue difference and
the saturation flow rate of the movement as the pressure
of that movement. The pressure of a traffic signal phase
(a combination of non-conflicting movements) is then de-
fined as the sum of the pressures of all movements that
belong to the phase. At the end of each time slot, each in-
tersection collects its local queue length information, and
chooses the phase with the maximum pressure to activate
in the next time slot. The original BP has the following
properties, which are not suitable for traffic control:
1. It involves frequent updates (every time step).
2. It assumes infinite spatial capacity of the road to
prove network stability.
3. It assumes predetermined routing decisions for ve-
hicles, which will not dynamically change according
to real-time traffic conditions and signal states.
4. It used queue lengths for pressure calculations.
5. It requires the knowledge of saturation flow rates
(and turning ratios in [40]) for each movement.
While the first property is suitable for packets to be
routed and re-routed at a fine cadence (e.g. every 1 s),
this can translate to aggressive signal switching, which
is not suitable for traffic control. To overcome this issue,
Varaiya et al. [22] introduced a cyclic BP which has a fixed
phase sequence and predetermined cycle length. At the
beginning of each cycle, the intersection assigns the ef-
fective green of each phase in proportional to their cor-
responding pressure. However, Varaiya et al. did not
provide a stability proof for this cyclic BP, but showed
that it has comparable performance with original BP in
simulation experiments. Following the work of [22], Le
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et al. [23] proposed a similar cyclic phase BP and pro-
vided a proof of stability. Their proof demonstrated that
BP does not require accurate turning ratios to guarantee
stability, and that an unbiased estimator of the turning
ratio is sufficient. Their simulation experiments indicate
that the cyclic BP outperforms the original BP. In light of
the work by [22] and [23], Taale et al. [37] and Sun et
al. [36] tested both a time-slotted BP and a cyclic BP in
their experiments, and interestingly, they found that the
time-slotted BP works better than the cyclic BP in general.
More recently, [33] proposed a BP that can accommodate
both human-driven and autonomous vehicles.
The main issue with the second property is loss of work
conservation [10] and loss of theoretically provable sta-
bility of BP in a real traffic networks where all physical
roads have limited capacities [46, 50, 51]. Work conserva-
tion was addressed in a heuristic way in [10] but no guar-
antees of stability were delivered with their heuristic. An
alternative pressure formulation was proposed in [46] to
address work conservation under finite spatial capacity
with guarantees of stability. However, their approach re-
quires knowledge of non-local queue lengths in addition
to the local queue lengths, which makes it impractical.
Recently, [26] proposed a position weighted backpressure
that incorporates the spatial distribution of vehicles in the
pressure calculation. They theoretically proved the stabil-
ity of their approach under the finite network capacities
for the first time, without requiring any non-local traffic
information.
Recent literature has addressed the third property by
combining traffic control with vehicle routing using BP
techniques. Among them, Chai et al. [3] tested BP with
dynamic vehicle routing, and found that enabling vehicle
re-routing in the network can reduce vehicle travel times
as well as queue lengths at intersections. Their approach
applies BP only for signal control. Taale et al. [37] used BP
for both signal control and vehicle routing. They defined
the pressure for each route and vehicles make dynamic
routing decisions based on the calculated pressure. How-
ever, in both [3] and [37], signal optimization and vehi-
cle routing decisions are made separately. Other papers
sought to optimize signal control and vehicle routing si-
multaneously [11, 24, 28, 50, 51]. They typically employ
multi-commodity queues, where each destination in the
network serves as a commodity. The intersection con-
troller then uses a multi-commodity BP to determine the
vehicle routing along with the signal phasing. Such a BP
with adaptive routing would require not only the vehi-
cles and intersections to be connected to communicate the
destinations and routing decisions, but also require all ve-
hicles to follow the routing decisions made by the inter-
section controller. This was improved in [11], where net-
work stabilizing BP with adaptive routing was proposed
which only provides route guidance to a subset of vehi-
cles in the system. Le et al. [24] considered vehicle com-
pliance with the routing in their approach.
Using queue length for pressure calculation (property
4) would lead to a fairness issue caused by the well-
known “last packet problem” [42], where a vehicle in a
short queue that does not grow for a long time will suffer
a long wait time as a queue-based BP will always favor
movements with long queues. Such issues also exist in
communications network [21], and one of the solutions
is to use delay of the head-of-line (HOL) packet rather
than queue length to compute pressure, which results in
a delay-based BP. Wu et al. [42] adopted the idea from
[21] and proposed a HOL-delay based BP and a queue-
delay-mixed BP for a single intersection. They proved the
stability of both BP policies, and demonstrated from sim-
ulation that delay-based BP has the same stability region
as a queue-based BP, while ensuring fairness. However,
they failed to find a way to decompose the delay-based
BP (it is not decentralized), which makes their controller
scale poorly to large networks. Based on the work of [42],
Yen et al. [49] tested the robustness of queue-based BP
and HOL-delay based BP to the falsified data attacks. The
attackers are simulated as vehicles that spoof their arrival
times. The simulation results show that the HOL-delay
based BP is more vulnerable to time spoofing attacks.
Another concern with the fourth property is the re-
quirement that accurate queue length information is
available. Considering the difficulties in queue length es-
timation at signalized intersections in today’s road net-
works, Mercader et al. [30, 31] put forward a travel
time based BP. Instead of using queue lengths as the in-
put for calculating pressure, they used the travel times
because 1) travel times are easier to obtain or estimate
than queue lengths, and 2) travel times tend to diverge as
queue sizes approach the spatial capacity of roads, hence
it is inherently capacity aware. The authors implemented
this travel time based BP policy in a real intersection in
Jerusalem by installing four Bluetooth detectors in field to
collect the data from detectable Bluetooth devices such as
smartphones and in-vehicle audio systems. They found
that their controller is superior to the optimized fixed con-
trol scheme in field application. This is the first (and so far
the only) implementation of BP in the real world.
Regarding the fifth property, it is unrealistic to assume
perfect knowledge of turning ratios in today’s road net-
works. Gregoire et al. [9] put forward a modified BP
controller with unknown routing rates. They proved that
the modified BP can guarantee stability in heavily con-
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gested conditions, but not all traffic conditions. Xiao et
al. [47, 48] proposed an extended BP using online esti-
mators with fading memories to estimate queue lengths,
turning ratios, and saturation flow rates in real time using
measured values from detectors. They then constructed
a new pressure formulation using the values from the es-
timators. Given that the estimations are unbiased, they
proved the stability of the extended BP under some as-
sumptions. However, they did not specify how to mea-
sure the queues/turning ratios/saturation rates using de-
tectors.
There are other notable BP based control algorithms de-
veloped for traffic control. For example, Levin and Boyles
[25] used BP techniques in reservation-based intersection
control for connected automated vehicles; Hao et al. [12]
proposed a cooperative BP, which uses a new pressure
calculation method that considers signal control of down-
stream intersections to achieve coordination between ad-
jacent intersections.
On the one hand, queue lengths are basic inputs for BP
and are assumed to be known with accuracy in most of
the existing studies [3, 9–13, 22–26, 28, 36, 37, 40, 41, 46,
49–51]. On the other hand, the only BP controller that
was tested in the real world [30, 31] used travel times
instead of queue lengths for pressure calculation due to
the difficulty to obtain exact queue length. The only pa-
pers that considered the estimation of queue lengths in
BP control [47, 48] propose an estimator which takes mea-
sured queue as inputs without specifying how to measure
queues using detectors or probe vehicles (typical real-
world instrumentation). There are no study about the
robustness of BP to the accuracy of the estimated queue
lengths. The main purpose of this paper is to fill this re-
search gap.
3 BP-EQ Methodology
3.1 Space Discretization
As shown in Fig. 1, we discretize the road into small cells
of equal length and assume that the traffic density within
each cell is constant. BP-EQ for a partially connected en-
vironment involves three steps:
1. First, estimate the speed in each cell using data from
connected vehicle (CV) probes.
2. Then, calculate cell traffic density from estimated cell
speed using a speed-density relation.
3. Finally, calculate the queue sizes from the estimated
cell densities and use them as input into BP.
These steps are described in more detail next.
3.2 Estimate Speed
Treiber et al. [39] proposed a traffic state reconstruction
method using interpolation techniques. This can also be
used for real time traffic estimation. The basic idea is to
calculate the speed at each location by weighing available
(both current and historical) speed data according to their
collection locations and time stamps. Specifically, when
estimating the speed at position-time stamp pair (xi, ti),
to determine the weight of a speed measurement vk col-
lected at position-time stamp pair (xk, tk), a kernel φ0 is
used, as shown in (1).
φ0(xi − xk, ti − tk) = exp
(
− |xi − xk|
σ
− |ti − tk|
τ
)
, (1)
where position is the distance from the upstream end of
the link. As recommended in [39], a good value for τ is
half of the data collection interval, and a good value for
σ is half of the average distance between data collection
points. The weight of speed data vk when estimating the
speed at (xi, ti) is then calculated as:
wk(xi, ti) =
φ0(xi − xk, ti − tk)
Z(xi, ti)
, (2)
where the normalization denominator Z(xi, ti) is the sum
of all kernels for (xi, ti):
Z(xi, ti) =∑
k
φ0(xi − xk, ti − tk). (3)
The speed at (xi, ti) is then estimated as:
v(xi, ti) =∑
k
wk(xi, ti)vk. (4)
For a fixed (xi, ti), wk(xi, ti) decreases as |xi − xk| increase
and also decreases as |ti − tk| increases. The farther data
point (xk, tk) is from the estimation location (in both space
and time), the lower its weight will be in the estimated
speed. We only use data within a lane to estimate the
speed of points in that lane for simplicity in this paper.
For example, when we are estimating the speed vi of cell
i in Fig. 1, we only utilize the speed data from Lane Ln3
of Link L1. This simplification is reasonable for speed es-
timation at signalized intersections since different lanes
may serve different movements (e.g. left-turn lane and
through lane) and speeds in different lanes can vary dra-
matically as a result of signal control, so that using data
from other lanes can introduce errors in the estimated
speeds.
In a partially connected environments, the data collec-
tion points are floating CVs. Those CVs send their speeds
and locations to the intersections, the intersections then
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FIGURE 1: Road discretization of an intersection.
store the historical data (within a certain time horizon
T), and use the data to estimate the speed of each cell
in Fig. 1. We collect data every 10 s, hence τ is set to 5 s.
σ is calibrated to 20 m. Fig. 2a to Fig. 2c show the esti-
mation results for CV penetration rates of 10%, 20%, and
30%, respectively; Fig. 2d is for a penetration rate of 100%
(fully connected environment), which is regarded as the
ground truth.
In this experiment, the road segment is 500 m long,
with an intersection at the end of the road. The free flow
speed is 60 km/h. We descritize the road into cells of
length 10 m. For each cell on the road, we assume the
density is constant. We take the central point as the po-
sition xi of cell i and then calculate the density at that
point. Since the traffic state of this road is changing fast
due to the downstream intersection, we did not use data
points from times that are too far in the past and set the
time horizon T to 4 time steps (which is 40 s in our case),
meaning that we only use the speed data that are col-
lected within the past 40 s. The vertical axis of Fig. 2 is the
distance from the starting point of the road. As we can
see in Fig. 2, there is obvious formation and dissipation
of queues on the road, caused by the traffic light at the
downstream intersection. The traffic state near the stop
line remained congested because the downstream inter-
section continued to be congested (i.e., due to spillback).
The queue size was reduced during the green time, but
only some of the vehicles in queue were served during
the green. When the penetration rate is 30%, the esti-
mated speed map is very close to the ground truth map.
This suggests that the interpolation techniques we are us-
ing perform quite well. Note that the sudden changes in
speed (from red to green) near the downstream intersec-
tion are caused by the absence of data (from CVs) at the
stop line. The estimation technique used [39] interpolates
speeds between pairs of data points, for positions that are
not sandwiched in between two data points, we assumed
free flowing traffic conditions. Hence when the CV pene-
tration rate is low, we have a higher probability of having
no CVs right before the stop line. This is why we see more
sudden changes in Fig. 2(a) than in Fig. 2(b) and Fig. 2(c).
It is worth mentioning that there also exist many other
sophisticated queue length/size estimation and traffic
state estimation methods in the literature [1, 2, 19, 27, 43–
45]. We chose [39] in this paper because of its simplicity
and its ability to estimate the traffic state along the en-
tire length of the road (not just the segment with queued
vehicles near the stop line) under both light and heavy
traffic conditions.
3.3 Speed to Density
We use the Newell-Franklin speed-density relation [8, 32]
to estimate traffic densities from the estimated speeds in
each cell. The Newell-Franklin relation has all the de-
sirable feature that it is invertible, in other words, each
speed is associated with one density. In addition to mod-
eling convenience (invertibility), It also offers theoretical
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FIGURE 2: Estimated spatial-temporal speed profiles at different penetration levels of connected vehicles. (a) 10%, (b)
20%, (c) 30%, (d) 100%.
and empirically-proven advantages. We refer to the de-
tailed analyses in [4, 5] for more details. The relation is
given by:
ρ(xi, ti) =
ρjam
1− vfw ln(1− v(xi ,ti)vf )
, (5)
where ρjam is the jam density, vf is the free flow speed,
w is the shock wave speed. By setting vf = 60 km/h, w
= 25 km/h, and ρjam = 143 veh/km, we have the density-
speed relation shown in Fig. 3(a). When the speed is 0, the
density is equal to jam density, and the density decreases
as the speed increases. The density at free flow speed is
0. Fig. 3(b) shows the density map corresponding to the
speed map in Fig. 2 (b) using the density-speed relation
in (5).
It is worth mentioning that we chose the Newell-
Franklin speed-density relationship because it is invert-
ible. A problem that one encounters with any equilibrium
relation is that higher speeds are associated with a range
of traffic densities. This means that estimates of traffic
density in free-flow conditions are always prone to error.
However, we still estimate low traffic densities (free-flow
conditions). Moreover, the range of low traffic densities
that are associated with free-flow speeds is narrow when
compared to the range of traffic densities that are super-
critical. We utilize this conversion in our paper as a sim-
plification and for purposes of testing the performance of
BP in situations where there is incomplete information.
The inversion can be improved by utilizing probabilistic
models [16, 17], statistical/learning methods for param-
eter estimation [14, 15, 18, 19, 35, 52], and online update
techniques [6, 7, 20].
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FIGURE 3: Density-speed relationship.
3.4 BP-EQ Control
We use a simple BP control algorithm [41] in this paper so
as to focus on the impact of queue length estimation accu-
racy on BP performance, and leave the impact of turning
ratio and separate queue estimation accuracy to future re-
search.
When applying BP, one needs to first list all possible
phases for the intersection. A phase here refers to a com-
bination of non-conflicted movements. Fig. 4 shows an
example of all possible phases for a four-leg intersection
such as the one shown in Fig. 1. Note that we do not con-
sider the right-turn movements in Fig. 4 since right-turn
traffic is usually not controlled by a traffic light. We also
do not consider a single movement as a phase since we
want to maximize the efficiency of each phase.
Let Pn denotes the set of all possible phases at intersec-
tion n. The BP algorithm in [41] says that at the beginning
of each time slot t, intersection n should choose the phase
FIGURE 4: Phase set for a four-leg intersection
pn(t) that maximizes the pressure:
pn(t) ≡ arg max
pn∈Pn ∑(La ,Lb)
W(La ,Lb)(t)µ(La ,Lb)(pn), (6)
where (La, Lb) denotes a movement from Link La to Link
Lb, µ(La ,Lb)(pn) is the saturation flow rate of movement
(La, Lb) if phase pn is activated, W(La ,Lb)(t) is the weight
associated with movement (La, Lb) in time slot t. The
weight is calculated as
W(La ,Lb)(t) ≡ QLa(t)−QLb(t), (7)
where QLa(t) is the queue length (number of vehicles) on
Link La at the end of time slot t− 1. Once the cell densities
have been calculated using (5), QLa(t) is calculated as
QLa(t) = ∑
i∈La
ρidi, (8)
where ρi is the traffic density of cell i and di is the length
of cell i. Substituting (7) and (8) into (6), we have
pn(t) ≡ arg max
pn∈Pn ∑(La ,Lb)
(
∑
i∈La
ρidi − ∑
i∈Lb
ρidi
)
µ(La ,Lb)(pn).
(9)
In (9), µ(La ,Lb)(pn) can be calculated as
µ(La ,Lb)(pn) =
{
0 (La, Lb) /∈ pn
µ · x(La ,Lb) · ft · ∆t/3600 (La, Lb) ∈ pn
,
(10)
where µ is the saturation flow rate of one through lane
(a default value frequently used is 1800 veh/h), x(La ,Lb) is
the number of lanes used by movement (La, Lb), ft is the
turning adjustment factor of movement (La, Lb) (a recom-
mended value for left-turn movement is 0.714 [34]), and
∆t is the duration of each time slot in units of seconds.
4 Experiments
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4.1 Isolated Intersection
In the experiments below, we use a real-world isolated
intersection in downtown Abu Dhabi in the United Arab
Emirates (UAE), which is at the intersection of Hamdan
Bin Mohammed Street and Fatima Bint Mubarak Street.
The intersection map is shown in Fig. 5. We chose a typ-
FIGURE 5: Single intersection experiment.
ical working day, December 6, 2017, as the data collection
date. High resolution traffic data were collected for the
entire 24 hour period. The data were collected from loop
detectors in each lane, one data point for each second of
the day. The status of the traffic signal was archived by a
commercial adaptive signal system that controls the in-
tersection, also for at the second-by-second level. The
high resolution data were used to calibrate a (commer-
cial) microscopic traffic simulation model. Since we only
calibrated an isolated intersection, we were able to use the
high resolution data as input to produce a highly accurate
reconstruction of the traffic dynamics at the intersection
during that day (operated by an adaptive signal system).
To perform our experiments, we extracted the trajecto-
ries of some of the vehicles in the (ground truth) simula-
tion, at varying penetration levels, and treated those ve-
hicles as CVs that share their speed and location informa-
tion with the signal controller. To test the proposed con-
trol techniques, we implemented them in the simulation
model via an application programming interface (API).
The comparison results are shown in Fig. 6. We tested
CVs’ penetration rates of 10%, 20% and 30%. The BP-
based policies were updated every 10 s. The evalua-
tion data were collected every 10 min. Fig. 6a compares
the average vehicle delay, Fig. 6b compares the vehi-
cle throughput, and Fig. 6c compares the max-stopped-
queue-length (stopped vehicles in the jammed segment
before the traffic light) at the different penetration rates,
but also against the ground truth adaptive controller and
0
20
40
60
80
100
120
140
160
180
200
220
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
A
v
er
ag
e 
d
el
ay
 (
s/
v
eh
)
Time (h)
10%
20%
BP-EQ 
BP-EQ 
BP-EQ
BP 
Field Controller
30%
(a)
0
100
200
300
400
500
600
700
800
900
1000
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
N
u
m
b
er
 o
f 
v
eh
ic
le
s 
p
as
si
n
g
 t
h
e 
in
te
rs
ec
ti
o
n
Time (h)
BP-EQ 10%
BP-EQ 20%
BP-EQ 30%
BP 
Field Controller
(b)
0
50
100
150
200
250
300
350
400
450
500
550
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
M
ax
-s
to
pp
ed
-q
u
eu
e-
le
n
g
th
 (
m
)
Time (h)
BP-EQ 10%
BP-EQ 20%
BP-EQ 30%
BP
Field Controller
(c)
FIGURE 6: Performance comparisons of isolated intersec-
tion between different controllers. (a) average delay, (b)
vehicle throughput, (c) max-stopped-queue-length.
the fully connected (100% penetration) scenario, which
we simply refer to as BP in the figures. As can be seen,
BP outperforms all other control scenarios throughout the
day in terms of all three performance indices. Note that
the huge gap between time 0 and 24 in average delay and
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max-stopped-queue-length is an absence of traffic infor-
mation at time 0 (i.e., from the previous day). In reality,
vehicles arriving at time 0 would encounter existing traf-
fic, something that our simulation misses due to lack of
data from the previous day (i.e., we initialize our simula-
tions with empty networks).
According to the simulation results, when the demand
is relatively low (during the late night hours, from 00:00
to 07:00), we see that the ground truth control beats BP-
EQ with CV penetration rates of 20% and less. As men-
tioned in 3.3, for any equilibrium speed-density relation,
free-flow speeds are associated with a range of traffic den-
sities and estimated queue lengths are prone to error as
a result. This explains why BP-EQ performs worse than
the ground truth controller in low density cases. In gen-
eral, the performance of BP-EQ drops under low pene-
tration rates in low demand scenarios in comparison to
other techniques.
As the demand increases (during the day, from 07:00 to
24:00), the ground truth adaptive controller starts to per-
form poorly: it produces heavy congestion and its max-
stopped-queue-length reaches 500 m and remains there
for the duration of the congested period. We note that
(i) this is ground truth data and (ii) the max-stopped-
queue-length shown in Fig. 6c is not to be interpreted
as a time series of stopped queue length, but rather as a
time series of maximum stopped queue lengths over 10-
minute intervals (i.e., multiple signal cycles). During the
day, where some congestion exists, BP-EQ outperforms
the ground truth controller at all penetration rates. The
reasons behind the performance of BP-EQ (vs. ground
truth control) with a CV penetration rate that is as low
as 10% is that 1) the Newell-Franklin speed-density rela-
tion is more realistic in high density cases, and 2) more
data becomes available in heavier traffic and the queue
length estimation procedure produces better inputs for
BP. In general, the performance of BP-EQ improves as the
CV penetration rates increase, but the marginal benefits
keep decreasing; the biggest gain is obtained when the
penetration rate increases from 10% to 20%. This implies
that in high demand scenarios, a CV penetration rate of
20% is sufficient for BP-EQ to perform well compared to
a 100% penetration rate.
4.2 Traffic Network
Similar to the isolated intersection, we used high resolu-
tion data to calibrate the external traffic demands of an
11-intersection network. The network map is shown in
Fig. 7. Due to the absence of detectors on minor roads
within the network, we have no knowledge of the trips
produced or attracted to the interior links. For this rea-
FIGURE 7: Network experiment.
son, we do not compare the BP-based policies with the
commercial adaptive signal system that controls the in-
tersection in field, but instead optimize a fixed timing
(FT) schedule (including coordination among intersec-
tions) under the calibrated external demands using sim-
ulation tools and compare it with BP.
We run 7-hour simulations with demand data cali-
brated from 05:00 am to 12:00 pm, on December 6, 2017.
The BP-based controls were updated every 10 s. The
evaluation data were collected every 5 min. Fig. 8a
compares the average vehicle delay, Fig. 8b compares
the vehicle throughput, and Fig. 8c compares the max-
stopped-queue-length at different penetration rates, but
also against the FT controller and the BP with perfect
knowledge.
Again, BP outperforms all other controllers in terms of
delay, throughput and max-stopped-queue-length. The
FT controller is able to handle the low demand cases,
while the max-stopped-queue-length reaches 500 m in the
high demand cases. For the BP-EQ, in the low demand
scenarios, 10% penetration of connected vehicles is too
low to have a good performance. The delay increases
sharply and fluctuates dramatically. However, with an
increase in the demand, the number of connected vehi-
cles increases and the 10% CV penetration rate begins to
perform better than the FT controller. With a 20% CV pen-
etration rate, the max-stopped-queue-length of BP-EQ re-
mains shorter than the FT under low demand cases, and
its average delay fluctuates around the FT’s average de-
lay more gently. As the demand increases to high lev-
els, the performance of BP-EQ becomes better than FT
in terms of both average delay and max-stopped-queue-
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FIGURE 8: Performance comparisons of traffic network
between different controllers. (a) average delay, (b) ve-
hicle throughput, (c) max-stopped-queue-length.
length.
5 Conclusion and outlook
Backpressure or (max weight) control has received a great
deal of recent attention in the literature for many reasons
including (i) the network-wide stability capabilities of BP,
(ii) the fact that BP does not require knowledge of de-
mand arrival rate to operate, and (iii) it is computation-
ally light-weight and can scale to large networks. BP is
essentially an adaptive control technique; it has the ad-
vantage of being an open box tool that has been vetted by
many researchers in recent years.
A main drawback of BP is that it requires accurate
knowledge of queue lengths, which are typically difficult
to collect in real-world settings (in today’s road traffic sys-
tems). Queue lengths have always been assumed to be
known exactly (by assuming a fully connected environ-
ment) in the literature. Many variants of BP control have
been proposed for decentralized signal control, but none
have investigated the impact of incomplete data (e.g., in a
partially connected environment) on the performance of
BP. This was the question that this paper set out to inves-
tigate.
In order to investigate how BP performs with inaccu-
rate queue lengths, we proposed a BP with estimated
queue length (BP-EQ) for partially connected environ-
ments in this paper. By utilizing speed data made avail-
able by some vehicles, we estimate the speed profile for
the entire lengths of the roads, and then calculate traf-
fic densities from the estimated speeds using the Newell-
Franklin speed-density relation. The estimated densities
are then used to calculate queue sizes, which serve as
inputs for BP control. We tested the proposed BP-EQ
control technique under different penetration rates in mi-
croscopic simulation models with calibrated data from
the real world. For the isolated intersection experiments,
comparisons are made with a commercial adaptive con-
troller, used to control the intersection in the real world,
as well as BP with perfect knowledge. For the traffic net-
work experiments, comparisons are made with an opti-
mized fixed timing controller, as well as BP with perfect
knowledge. Our results show that for an isolated inter-
section, BP-EQ with CV penetration rates of 30% can per-
form as well as the real-world adaptive controller under
low demands; BP-EQ with CV penetration rates as low as
10% outperformed the real-world adaptive controller un-
der high demand scenarios. For the 11-intersection net-
work, a 20% of CV penetration rate is sufficient for BP-EQ
to outperform the fixed timing controller in high demand
scenarios, and have similar performance with the fixed
timing controller in low demand scenarios.
Extensions to the present work as future research can
follow several directions. We utilized a simple BP for
the present work and demonstrated that it remains viable
with imperfect information. One can consider improve-
ments to the BP, utilizing more advanced variants, such as
the position-weighted BP. A more sophisticated estima-
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tion technique can also be considered for future research
and combined estimation and control approaches can be
explored as well. Another aspect that can be considered
for future research is online parameter selection updating
and the computation complexity of the entire system.
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